Abstract
medium range weather forecast in India, the predictions of severe weather events have 49 enormous limitations (Bohra et al., 2006) . Even though such events have a very short life 50 but still cause extensive damage. Thus, even though the prediction of rainfall (spatio-51 temporal) is possible to achieve from numerical weather model, probabilistic information on 52 of rainfall could be an added advantage for the concerned community. The main purpose is 53 to provide as much advance notice as possible to the people to save the human and animal 54 lives and properties from an impending disaster. The focus of this paper is the variation of 55 point rainfall at a particular station.
56
Use of probabilistic rainfall prediction has a long history to predict the near-future 57 occurrence of extreme events (Box et al., 1976; Weeks and Boughton, 1987; Wójcik et al, 58 2003). A framework for probabilistic rainfall forecast using nonparametric kernel density 59 estimator is presented in a series of three papers (Sharma, 2000a; Sharma et al., 2000; 60 Sharma, 2000b ). The approach is developed for station rainfall data. However, the temporal 61 resolution is seasonal to interannual. Application of Markov Process (MP) for short-term 62 rainfall forecast through a probabilistic way is well accepted for a long time (Gabriel and 63 Neumann, 1962; Chin, 1977; Fraedrich and Muller, 1983; Stern and Coe, 1984;  64 Rajagopalan et al., 1996; Jimoh and Webster, 1996; Kaseke and Thompson, 1997; Wilks, Almost all these approaches follow a general path of creating a single set of different states 98 depending on historical record and the probabilities of transition from one state to another is 99 obtained. However, for rainfall variation study, the change in rainfall magnitude, 100 particularly in higher side, is more crucial information as indicated before. Quantifying 101 these changes, through a single set of states, demands large number of defined states. The 102 word 'large' is subjective and implies more number of required states for more the inherent 103 variability. Generally, in the tropical countries, the variation of daily rainfall is very high 104 and application of MP may not perform well. Moreover, probabilistic prediction is more 105 useful than simple point prediction. Defining another set of sub-states, classifying the 106 changes in magnitude of daily rainfall will be helpful for such probabilistic assessment. This 107 is the theme of this paper. The objective of this study is to develop an approach for change 108 prediction daily rainfall through state to sub-state transition, which is achieved through Split
109
Markov Process (SMP). However, the approach considers daily rainfall in which sequential 110 phases within a particular event of rainfall (e.g., initiation, growth, peak, decay and vanish)
111
is not of interest. Rather the total rainfall in a day is considered, which is important from 112 water resources point of view. Thus, the transitions through states to sub-states is computed 113 through state/sub-state Transitional Probability Matrix (TPM) for a daily temporal 114 resolution, which is used for probabilistic assessment of one-step-ahead rainfall variation.
115
The methodology of Split Markov Process (SMP) is explained in next section. state/sub-state transition probability is expressed as
where R denotes the daily rainfall magnitude and r denotes the change in daily rainfall 156 magnitude. A first-order state/sub-state transition implies that the change in magnitude for 157 the next time step depends on the state of the system at the current time. Thus, a first-order 158 state/sub-state transition probability is expressed as
8
The first-order state/sub-state TPM is expressed as (omitting the superscript for clarity) 
The total number of times a particular state is observed and its transition to different sub-169 states is obtained from sufficiently long record of daily rainfall series.
170
Once the state/sub-state TPM is obtained, the cumulative state/sub-state TPM is obtained by instance, from a particular state (current step), the possible variation of magnitude of 176 expected change in next day rainfall (at some probability level) is computed using 177 cumulative state/sub-state TPM. For graphical interpretation, one has to start from that 178 particular state to that probability contour (desired probability level) and magnitude of 179 expected change can be computed using a suitable interpolation technique. The minimum 180 and maximum possible changes (with sign) are added to the rainfall magnitude of the 181 current step to obtain the possible range of rainfall in the next time step. If the minimum possible change turned out to be very high negative value, it might be possible to get the 183 lower limit of predicted rainfall range as negative value. However, the lower bound of the 184 predicted range of possible rainfall should be bounded by zero. can be found later that the SMP is performs almost equally for all these stations. 
Result and Discussion

253
The daily rainfall data ( R ) is divided into nine different states. (Fig. 2) . In this plot, 5%, 50% and 95% probability contours are shown in 288 particular.
289
Three points can be noticed from the contour plot of cumulative state/sub-state TPM. First, 290 the low probability contour line are almost linear whereas the high contour lines are 291 nonlinear. Second, the low probability contours indicate that a lower state can have a larger 292 change in the next time step, particularly for the low probability contours. For example, if 293 the initial state is 2, at 50% probability level, the change magnitude is somewhere in 294 between sub-states d and e, whereas if the initial state is 4, the change magnitude is some 295 where in between c and d. However, for high probability contours, change magnitude 296 increases with the relatively higher initial states. This can be observed for states 1 though 4 297 at 95% probability level. The third point is that for all the probability lines, for high initial 298 states, the probability contours are linearly decreasing. This indicates that an extreme event can be followed by reduction in its magnitude in the next step (at daily scale).
300
As stated before, the cumulative state/sub-state TPM can be used to probabilistically infer with the probability level for the next day rainfall. A plot between probability level Vs (MAE) is prepared (Fig. 3) . These measures are computed between observed and the 313 average of upper and lower limits predicted range. It is found that both the MSE and RMSE 314 remain constant up to 80% probability level. However, these values are actually decreasing 315 up to 80% probability level. MAE is found to gradually increase with the increase in 316 probability. However, considering all these measures, the best performance is obtained at 317 80% probability level in terms of MSE and RMSE. Thus, the prediction performance is 318 obtained at 80% probability level for the period 1981 to 1999 and shown in fig. 4a for all the 319 raingauge stations. However, for clarity, the prediction performance for the period 1998 to states to obtain state/sub-state transition probability matrix (TPM) in SMP. The state/sub-341 state TPM is generated for daily rainfall data from different raingauge stations using SMP.
342
The probabilistic behavior of change in daily rainfall magnitude is captured through 343 state/sub-state cumulative TPM, which is finally used to predict the possible range of daily 344 rainfall in the next time step.
345
Illustration of SMP in this paper deals with first order SMP. The concept can be extended to 346 higher order as well. As explained in equation (2) However, as in the other data driven methods, the major drawback of the SMP is that it need 362 a reasonably long historical record to capture the behavior of daily rainfall variation. hypothesis that the mean is equal to the mean for entire period for that station.
448
The bold face cells indicate that null hypothesis can not be rejected at 5% significance level. 
